In the preliminary trajectory design of the multi-target rendezvous problem, a model that can quickly estimate the cost of the orbital transfer is essential. The estimation of the transfer time using solar sails between two arbitrary orbits is difficult and usually requires to solve an optimal control problem. Inspired by the successful applications of the deep neural networks in nonlinear regression, this work explores the possibility and effectiveness of mapping the transfer time for solar sails from the orbital characteristics using the deep neural networks. Furthermore, the Monte Carlo Tree Search method is investigated and used to search the optimal sequence considering a multi-asteroid exploration problem. The obtained sequences from preliminary design will be solved and verified by sequentially solving the optimal control problem. Two examples of different application backgrounds validate the effectiveness of the proposed approach.
I. Introduction
The Near-Earth Asteroids (NEA) have become of increasing interest since the 1980s because of the scientific significance and greater awareness of the potential threat to the Earth. The NEAs are mostly unchanged in composition since the early days of the solar system [1] , and it is now widely accepted that collisions in the past have had a significant role in shaping the geological and biological history of the Hayabusa [6] , and Hayabusa 2 [7] . Since the beginning of the introduction of the concept of solar sailing in 1920s [8] , it has been proved of significant advantages in the field of deep space exploration. Because of the feature of propellant-free flight, solar sailing is one of the most promising tools for NEA exploration, such as impacting the asteroid with a high relative velocity for mitigating impact threat to the Earth [9] , offering wide launch windows for rapid NEA rendezvous missions [10] , and long-term multi-NEA rendezvous and sample return missions [11] [12] [13] .
To reduce the cost of a single launch and increase the benefit of the spacecraft for NEA exploration, multiple targets exploration missions have significant roles. For such consideration, the Global Trajectory
Optimization Competition (GTOC) has shown great interest in the mission design of multi-asteroid exploration, and over the 9 competitions organized to date, 4 were multi-asteroid rendezvous problems [14] . For example, the sponsor of GTOC 4 focused on the achievement of visiting as many NEAs as possible within a given time duration [15] . When considering a multi-target exploration mission, the preliminary design of trajectory becomes challenging because of the complexity of combinatorial problem that emerges with the increasing number of targets to visit in the mission [14] . On the one hand, the cost of transfer between two adjacent candidate targets, such as fuel consumption or transfer time, usually requires to solve a complicated numerical optimization problem, which is particularly of low computational efficiency in the preliminary mission design [16] . On the other hand, the complexity of global sequence search increases factorially as the search space increases, and it will cause catastrophic computing difficulty when facing a vast search space. To overcome those problems, different methods have been proposed in the past years. To the best knowledge of authors, the general ideas of those methods are to estimate the consumption of orbital transfer by sorts of approximate simplified models, such as impulsive model [17] and shape-based approach [18] , and search the sequence using kinds of tree search method, such as branch-and-prune [19] and beam search [20] . For example, in GTOC 5, the team of Tsinghua University combined a ballistic approximation method and bounded and pruned algorithms in the roughly global search phase [17] ; and the team from European Space Agency and University of
Florence proposed a linearized model of the "self-fly-by" to put a quick estimation of the propellant consumption and flight time for the transfer leg, which aided a first broad tree search of chemical propulsion options [19] . Considering a multi-NEA rendezvous mission for solar sails, Peloni et al.
presented a shape-based approach to approximate the trajectories and a search-and-prune algorithm for sequence search [18] . For the preliminary design of multi-target problem, Izzo et al. proposed sorts of state-of-art methods, such as machine learning, and increase the efficiency and accuracy of estimating the fuel consumption of low-thrust transfer [21] [22] [23] .
Recently, the Artificial Intelligence (AI) technologies has been successfully applied in many fields and dramatically improved the state-of-the-art in image and speech recognition, object detection and many other domains such as drug discovery and genomics [24] . The application of such techniques in the field of aerospace is getting more attention as well. Over the last few years, researchers have shown the possibility of using deep neural networks (DNN), one of the most promising AI technologies, for onboard real-time representation of optimal control profile for both landing problems and interplanetary trajectory transfer problems [25] [26], parameter identification for detection and characterization of aircraft icing [27] , and trajectory optimization of unmanned aerial vehicle (UAV) [28] . In these applications, the DNN achieves satisfactory accuracy and improves the efficiency greatly meanwhile. Inspired by the literature, we attempt to explore the possibility of using DNN for fast estimation of the transfer time for solar sails in the interplanetary trajectory.
Monte Carlo Tree Search (MCTS) is a method for searching optimal decision by building an incremental and asymmetric tree [29] . It has received considerable interest in game AI and combinatorial optimization problems, and the most well-known case is its successful application in AlphaGo [30] [31].
The MCTS method iteratively repeats the selection, expansion, simulation and backpropagation process, and gives current optimal solution when terminated at any time or other stopping criteria. Compared to the traditional tree search methods, such as branch-and-bound and beam search, the MCTS method can
give a better performance with limited computing resources, especially when facing planning problem with complex and colossal decision space, such as Go [29] . Because of the excellent performance of MCTS, it has been extended and applied in more regions, such as Traveling Salesman Problem (TSP) and interplanetary trajectory planning [32] [33] . When used for the preliminary design of the interplanetary trajectory, the MCTS is able to find the best result that very close to the one flown by the 4 real mission. In order to expand the application scope of this method, and to perform sequence search under limited computing resources, the MCTS method will be adopted in this work.
In this paper, we will first propose the state-of-art method to estimate the transfer time for solar sails in the interplanetary transfer trajectories using DNN. Then, based on the DNN model, we will use the MCTS method to search the exploration sequence among a NEAs set. To expand the practical scope of the MCTS method, a list of asteroids that of significant scientific value is pre-selected for further combinatorial optimization to search an optimal sequence that consumes the shortest mission time.
Finally, by solving the subsequence leg by leg as an optimal control problem, the sequences with estimated transfer times will be validated.
This paper is organized as follows: In Section II, the dynamics model used in our work and the traditional method solving the optimal control problem to generate training database and the trajectory optimization is introduced. Section Ⅲ presents the details of building the DNN model for estimating the transfer time in the interplanetary transfer trajectory. In Section Ⅳ, we will describe the MCTS algorithm and the sequence search process. Section V presents the sequence search results and verification of the searched sequences, and the results of the method described previously will be discussed. Finally, Section Ⅵ leads to our conclusions.
II. Dynamic Model and Optimization Problem

A. Solar-Sail Dynamic Model
The planar and perfectly reflecting model of the solar sail is assumed in this paper. As shown in Fig.   1 , we use two angles, cone angle α and clock angle δ, to describe the orientation of the solar sail. The cone angle α is defined as the angle between the sail surface normal ̂ and the incident radiation direction ̂, and the clock angle δ is defined as the angle between the solar sail heliocentric angular momentum ̂ and the projection of ̂ onto the plane normal to the radial direction of solar sail. The acceleration of the solar sail at a distance r from the sun can be written as:  an (1) where β is the lightness number, μ is the solar gravitation constant, and the sail surface normal can be written as [34] :
The definition domain of the two angles is as follows:
Thus, the dynamic equations considering a two-body model can be written as: (4) where r and v are the state parameters of the solar sail. For the convenience of calculation, the solar gravitation constant μ is normalized to 1 by normalizing the distance unit and time unit using the astronomical unit (AU) and 1/2π year, respectively [35] [36] . Therefore, the dynamic equations after normalization can be written as 
B. Optimal Control Problem Formulation
Consider that a solar sail departs from the departure celestial body and rendezvous the arrival celestial body with free time, and the departure and arrival times are t0 and tf , respectively. Without the consideration of the fuel consumption, the objective function of trajectory optimization for the solar sail is the total time of flight (TOF) as follows
where λ0 is a positive weight constant.
Assume that the initial and terminal states of the solar sail are the same as that of the departure and arrival celestial body, which defines the boundary condition of the optimal control problem. Thus, the state constraints can be described as follows To introduce the Hamiltonian function of the system, the co-state variables can be defined according to the state variables as ≜ ( ; ).Therefore, the Hamiltonian function of the system can be given as 
We can obtain the Euler-Lagrange equations via the derivative of the state variable by the Hamilton function as
According to the optimal control theory, the boundary conditions satisfy the transversality conditions (11) where 0 ≜ ( 0 ; 0 ) and ≜ ( ; ) are Lagrange multipliers and related to the initial and terminal co-state vectors.
In addition, the initial and terminal Hamiltonian functions are determined by the stationarity condition
The optimal control law can be obtained by the Pontryagin's maximum principle as ˆˆĉ os sin cos sin sin
C. The Process of Solving Two-Point Boundary Value Problem
Based on the formulation introduced in the previous subsection, the indirect method to numerically solve the optimal control problem will be adopted. Generally, the indirect method solves the problem by converting the original optimal control problem to a boundary-value problem, and the optimal solution is found by solving a system of differential equations that satisfy the boundary conditions [37] . Before we solve the two-point boundary value problem, the normalization of the initial co-state vector is performed to improve the efficiency of indirect shooting method. As proposed by Jiang [38] , the co-state (15) where λ0 is kept as constant, and the initial co-state vector satisfies the constraints as Eq. (16).
Consequently, the six-dimensional unbounded co-state vector can be bounded on the sevendimensional unit sphere, which reduces the difficulty of guessing the initial co-states significantly. to be determined will be reduced to eight, and the first equation in Eq.(12) will be ignored consequently.
The roots of the nonlinear function as Eq. (18) will be searched by shooting method and the MinPack-1, a package for the numerical solution of systems of nonlinear equations and nonlinear least square problems, will be used [39] . In each case, the initial guess will be randomly generated for 1000 times to solve the nonlinear equations until the residuals as Eq. (18) meet the error requirements.
III. Transfer Time Mapping Using DNN
As a mapper for predicting the orbital transition time, the input of DNN is the orbital feature of the departure and arrival celestial bodies, and the output is the corresponding orbital transition time, as shown in Fig. 2 . In this section, we will introduce the process of building the DNN model for mapping the transfer time for solar sails. First, the method of generating training and validation sample set is described.
Different number of hidden layer and unit in each layer, as well as different activation functions, are considered for parameter tuning of the network. At last, two test sets are used to evaluate the trained DNN model.
Fig. 2 Mapping relationship of the DNN
A. Generation of Training and Validation Database
Consider the rendezvous problem formulation in the previous section. The aim of the DNN model is to establish a mapping relationship from the given boundary conditions to the optimal orbital transfer time. Considering the multi-asteroid sequence planning problem in the following work, the fixed departure time rendezvous problem is assumed. Suppose that the solar sail leaves the departure celestial body at Modified Julian Date (MJD) 57800.00, and the lightness number of the solar sail is kept constant as β=0.1265 (corresponding to the characteristic acceleration as ac=0.75mm/s 2 ). To ensure the universality of sample set, the classical orbital elements (COEs) of the departure and arrival celestial bodies at this moment are randomly generated around the Earth's orbit. Consider the rendezvous problem between the NEAs, as shown in Fig. 3 , 40000 of pairs of random COEs are generated as Eq. (19) . These generated COE samples do not actually represent the ephemeris of real NEAs, but to some extent conform to the orbital characteristics of NEAs. Therefore, we can use these pseudo-COEs to calculate the orbital transfer time between them to train the DNN model. What we expect is to use these COE samples to obtain a DNN model that accurately predicting the orbital transition time between two arbitrary real NEAs. For each pair of COEs, the indirect method used to solve the time-optimal control problem will be executed for ten times and the best solution with shortest transfer time is stored as the optimal result. The process of generating sample set is shown in Fig. 4 . We can obtain 40000 sets of COEs at the departure time and the corresponding optimal transfer time. Based on these sample sets, the mapping relationship from the COEs to the optimal transfer time will be established by DNN.
B. Parameter Tuning of DNN
Consider the fully-connected DNN shown as Fig. 2 . Before we build the network, there are several aspects to be considered. The first is the feature description method of input data. In addition to the COE description as mentioned previously, to achieve better mapping effect, the description method of position and velocity (RV) and modified orbital element (MOE) are also worth considering. In addition, in the absence of sufficient experience with different DNN structures and the corresponding effects, parameter tuning of the network is necessary. The architecture of the network to be determined includes the number of the hidden layer and unit in each layer, the activation function of hidden layers, and the training algorithm. Other hyper-parameters, such as the batch size and initial learning rate, are tuned according to the performance of neural networks and the strategies introduced in the literature [40] [42]. For example, the optimal learning rate is usually set close to the largest that does not cause divergence of the training criterion. In our research, the learning rate is firstly set as η = 0.01, and if the training criterion shows apparent divergence, another value will be tried, such as a value three times smaller [40] . The batch size is tuned from 10 to 500, and the size of 200 is adopted for most cases. When the training set is wholly visited batch by batch, that is to say, when a training epoch is completed, the data in the training set will be randomly disrupted to ensure the generalization of sample selection in each training epoch. 
where n is the size of the training or validation set at each training iteration, yi is the true label value, and f(xi) is the output of the network. Meanwhile, the mean absolute error (MAE) between the predicted value and true value is also used to measure the prediction effect of the model [41] :
We divide the previously generated samples into two parts, 90% and 10%, as the training set and validation set, respectively. To test the effect of different data feature descriptions on training DNN, a network with four hidden layers and 60 units in each layer is built. The sigmoid function is adopted as the activation function of hidden layers. After being trained using the same training set for 10000 epochs and tested using the same test set, the fitting effect of different data feature description methods are compared, as shown in Tab. 1. As shown in Tab. 1, the feature description using COE has the best fitting accuracy and the least MAE, and leads to the best prediction performance. It is worth mentioning that, in the following multi-asteroid sequence planning process, the output with shorter transfer time will be of more interest, so the fitting effect of the results less than 300 days are concerned and compared separately. In the following DNN parameter tuning and testing, we will use local accuracy to represent the fitting effect of the transfer time outputs below 300 days.
Tab
The activation function in hidden layers can also affect the training and fitting effect of DNN. We 
Fig. 5 Fitting results of different layers and units
According to the results, a neural network with shallow hidden layer or few units in each hidden layer cannot achieve a satisfactory fitting result. As the number of hidden layers increases, the fitting results of the neural network gets better, but the training time will be increased significantly at the same time.
Additionally, with the increase of network structure, training demand for sample size and training epoch will increase as well. Therefore, as shown in Tab. 3, Tab. 4, with the same sample size and training epoch, the fitting effect of the network will become worse when the size of the network is too large (e.g., over
5 hidden layers and 150 units in each layer). Thus, a network with 3 to 5 hidden layers and 96 to 150 units in each hidden layer is more reasonable considering the tradeoff between training cost and fitting effect.
In addition, we have also compared the effects of different training algorithms. As listed in Tab. 5, the gradient descent algorithm has the best fitting effect. 
Tab. 5 Performance of different activation functions
C. Training and Evaluation
Based on the performance of the parameter tuning, we finally adopt the architecture of the DNN as shown in Tab. 6. The training and validation set contains 40000 samples, and the COE description is used to describe the orbital features. We build the network with five hidden layers and 120 units in each hidden where η0 = 0.01 is the initial learning rate, κ = 0.98 is the decay rate.
Tab. 6 Architecture of the deep neural network Parameter Value
Feature description of input data COE Hidden layer and units in each layer 5ⅹ120
Activation function of hidden layers sigmoid
Batch size 200
Initial learning rate 0.01
Training Optimizer Gradient Descent
Training epoch 30000
Fig. 6 The learning rate decay in the training process
The training results of DNN is shown in Tab. 7 and Fig. 7 . The total fitting accuracy of the training and validation process is 98.352% and the local accuracy of the samples presenting the transfer time of less than 300 days is 94.441%. The loss value described as Eq. (20) Final loss value 0.174
Fig. 7 The loss and accuracy values in the training process
To verify the trained DNN, tests are conducted with sample sets different from the training and validation set. As shown in Fig. 8a , the test set A1 contains 100 pairs of test samples generated from the same domain as the training and validation set, and the fitting accuracy is up to 98.934%. Moreover, to study the behavior of the DNN, the test set A2 shown as Fig. 8b is generated with the samples outside of the training set. In set A2, the semi-major axis of the arrival body is generated randomly from 1.2 AU to 1.6 AU. The fitting accuracy tested with A2 is 96.993%. The estimation error distribution of the transfer time is shown in Fig. 9 . The estimation error for more than half of the test samples in test set A1 are within 10 days, and the maximum error is 24 days, as shown in Fig. 9a . For test set A2, the estimation errors for more than 80% test samples are less than 25 days, and the maximum error for 9 test samples exceeds 40 days, as shown in Fig. 9b . 
Fig. 10 Estimation error distribution of linear regression
According to the test results, the DNN can achieve an excellent mapping relationship from the orbital characteristics of the departure and arrival celestial bodies to the transfer time for solar sails. This means that the complicated nonlinear relationship from the orbital characteristics to orbital transfer time can be replaced by the DNN, which is of great significance in the sequence planning for multi-object missions using solar sail.
IV. Sequence Search Using MCTS
In this section, we will present the algorithms and procedure for sequence search. Based on the DNN obtained previously, an MCTS method is adopted for target selection and sequence planning problem.
We first introduce the primary process of the MCTS and Upper Confidence Bound for Tree (UCT) policy.
Then, we will present the corresponding implementation methods for target selection and sequence planning problem. Considering different application backgrounds, different parameters of tree policy are tuned, and the performances are compared.
A. The Process of Monte Carlo Tree Search
The MCTS method incrementally establishes an asymmetric search tree by randomly extracting samples in a given decision space. As shown in Fig. 11 , the search procedure performs four processes repeatedly [29] . Each node in the search tree contains the information about the current state, executed choice, and the number of times visited to this node. For a given node, while all of the children of the current node have been fully expanded, the Selection process will be executed with a Tree Policy recursively until reaching a node that not all of the children are fully expanded, shown as Fig. 11a . Then, the Expansion process will be performed to randomly create a child node, namely a leaf node, shown as The general process of the MCTS is shown in Fig. 12 . The four processes introduced above constitute one iteration step of MCTS. As the number of iterations increases, the complexity and required memory of the search tree grow. When reaching any desired computation time or iterations, the search process will be stopped, and the final decision will be made according to the tree policy.
Fig. 12 The general procedure of Monte Carlo Tree Search
The tree policy plays a crucial role in the MCTS and affects the tradeoff between the exploration and exploitation. The most popular tree policy is the UCT algorithm proposed by Kocsis and Szepesvári [43] .
The algorithm can be described as follows
ln argmax
where N and Ni represent the number of times the current node and its child node i have been visited, Qi is the estimated reward for the child node i, and cp is a constant parameter which balances the left and right terms of this equation. When considering sequence planning problem, the tuning of the parameter cp affects the tradeoff between the exploration and exploitation. The parameter tuning and the corresponding effects will be presented in the rest this section. 
B. Sequence Search Strategy Using MCTS
The objective of trajectory optimization for solar sails is to minimize the TOF of the mission. Therefore, we propose two application backgrounds in the multi-asteroid rendezvous problem for MCTS method;
one is sequence planning of some given targets to be visited, and the other one is target selection from a given asteroid set. These two applications require the search results to have the shortest flight time or to access as many targets as possible within the specified time. Based on those application backgrounds, the goal of MCTS is to search a sequence with the shortest flight time or a longest sequence within a specific TOF. When considering target selection problem, the maximum depth of the search tree, namely the longest length of the sequence, can be set to a small value at first, and if the TOF does not exceed the specified time, the maximum depth of the search tree will be increased. Thus, the strategy of MCTS for searching the longest sequence within a specific flight time can be sequentially converted to that of searching the sequence with the shortest flight time.
Therefore, we consider the multi-asteroid rendezvous problem with a specific sequence length. Given a departure time from the Earth, the transfer time from the Earth to the first target can be estimated using the DNN that we obtained previously. For the next transfer leg from the current target to the next, the transfer time will be estimated according to the current updated orbital elements of the targets. Therefore, each node in the search tree is designed to keep track of the selected target, current flight time, number of times this target has been considered, and the average quality of the selected target. The nodes in the kth layer of the search tree represent the kth considered targets to be accessed, which means the maximum depth of the search tree is equal to the length of the sequence. The search is terminated when the number of rendezvous targets specified in the sequence length is completed, and the final TOF is the output of the selected sequence. As the UTC algorithm described as Eq. (24) requires the reward of the sequence result to be distributed in the interval [0, 1], we convert the TOF of ΔT to the reward as follows.
where ΔTmax is the longest acceptable flight time and Δ is the final reward of the sequence.
The sequence search strategy using MCTS can be described as Algorithm 1. The search tree is built layer by layer, and the MCTS process is performed for a specified number of simulation times in each layer to generate the best child, namely a selected target for next rendezvous. To increase the performance of the method, the MCTS search process is periodically initialized and restarted, and all of the search results are stored for a final decision to be reached [29] [44] . After being performed for serval times, the best result among all the stored results will be regarded as the optimal solution.
Algorithm 1 Sequence Search Strategy
Initialize the initial state s0 with Earth and the departure time from Earth
Create root node n0 with s0
for i in max_depth:
for sim_time in max_simulation_times: 
C. Parameter Tuning of Tree Policy
First, we consider the sequence planning problem. Assuming that we have selected a set of target asteroids, and the purpose of MCTS is to plan the sequence order to rendezvous with these targets. We suppose that the mission background is to continuously rendezvous 15 NEAs using a solar sail with the lightness number as β=0.1265. When the solar sail reaches the target, it stays ten days with the asteroid for scientific exploration and then departs to the next asteroid. To get the best sequence, the parameter tuning of cp in Eq. (24) is performed.
As shown in Fig. 13 , we compared the average, maximum, and minimum TOF of 100 sets of sequence results under each parameter. The average output represents the overall distribution of the results, and the maximum output indicates the maximum deviation between the results and the optimal solution. The minimum output represents the ability of the algorithm to reach the optimal solution. 
V. Sequence Search and Verification
In this section, the sequence search strategy introduced in the previous section will be performed by considering two different examples. The first example is required to select a sequence that can rendezvous as many targets as possible within the specified mission time. The other example is a sequence planning problem for several given NEAs. After the preliminary sequence search, method for solving the optimal control problem introduced in Section Ⅱ will be used for local optimization and in Fig. 15 and Tab. 8. Fig. 15a shows the transfer time predicted by DNN and the true time by solving the optimal control problem in each transfer leg, and Fig. 15b shows the rendezvous time with each asteroid of the prediction value of preliminary design and the true value after verification by solving the optimal control problems.
As the results shown in Tab. 8, the TOF predicted by DNN in the preliminary design is 3552.861 days.
After solving the optimal control problem leg by leg using the method described in Section Ⅱ, the For the example to be presented in this part, we will illustrate the effectiveness of the DNN model and the MCTS method aiming at the sequence planning problem. Assume that there are several asteroids selected according to some criteria and the mission requires the solar sail to rendezvous with all of them, which is essentially a sequence planning problem. Inspired by the method used in [18] (Fig. 16a ) and the rendezvous time with each asteroid in the sequence (Fig. 16b) . The TOF of the prediction by DNN and verification result is 3899.200 days and 3906.260 days respectively, and the final deviation time of the mission duration is 7.060 days, as shown in Tab. 10.
C. Discussion
From the examples above, the deviations of the TOF between the results of preliminary design based on the DNN model and the verified result are very small, which implies a relative error of less than 0.3%.
At the same time, it is noteworthy that the predicted transfer time of each leg in the sequence does not have such a small error, such as the fourth leg in Fig. 15b and eighth leg in Fig. 16b . This difference is actually not a coincidence but rather determined by the characteristics of the orbit transfer window. When estimating the transfer time of each leg, a fixed departure time problem is considered. When the departure time moves, the TOF will be increased or decreased consequently. Therefore, when there is a small deviation of the estimation transfer time in the current transfer leg, the transfer time of the latter leg will also be increased or decreased by a small amount because of the change of the departure time in this leg, and will not have a large variation due to the slight movement of the departure window. For example, when considering the verification of the sequence as shown in Tab. 10 and Fig. 16 , the predicted transfer time of the first leg is less than the result of verification, but because of the change of the departure time, the verified transfer time of the second leg is larger. According to the result in Tab. 10, the predicted rendezvous time with each asteroid varies around the time of verification, and the deviation will not be accumulated.
Fig. 17 Predicted and true transfer time in the search result
We also verified all the sequences that are in the top ten rank of the results. The predicted TOF and 29 validation result for each sequence are shown in Fig. 17 . The largest deviation in the results is the eighth sequence, which has a deviation of 31 days between the prediction and verification values and means a relative error of less 1.0%.
VI. Conclusion
The multiple near-earth asteroids rendezvous problem is solved in this paper. The deep neural network has been established for mapping the relationship between the transfer time and the orbital characteristics.
The classical orbital element is selected to describe the orbital characteristics. By the parameter tuning of the network, a deep neural network with 5 hidden layer and 120 units in each hidden layer is trained.
According to the test results, the trained deep neural network achieves excellent mapping effectiveness from the orbital characteristics to the transfer time for solar sails. Furthermore, a test set is generated from the data outside of the training set, which results in the fitting accuracy of up to 96.993% with only a few results having large deviations. In the sequence search process of Monte Carlo tree search, two different applications are considered. For target selection problem and sequence planning problem, different parameters of the tree policy are investigated. The depth-first strategy is sufficient for the target selection problem, and a balanced exploration and exploitation policy has better performance for the sequence planning problem. The verification results of the searched sequence suggest that the proposed methods are effective.
